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Abstract 
 
E-commerce has traditionally suffered from 
significantly higher product return rates than offline 
retail (30 % online vs. 10 % offline). Product 
uncertainty at the time of purchase has been identified 
as one of the key drivers of purchase decision reversals 
in online markets.  
In this study we analyze the impact of situational 
factors (1. Purchase channel choice, 2. Time pressure) 
and individual differences on product uncertainty and 
purchase decision reversal. Following the 
conceptualization of product uncertainty by Hong and 
Pavlou (2014), we distinguish between product fit 
uncertainty and product quality uncertainty.  
To test our hypotheses, we employ a large-scale 
empirical analysis based on panel data from a large 
European online fashion retailer. We find that product 
fit uncertainty is higher for mobile channel users, 
which is attenuated by prior brand experience. Time 
pressure leads to lower return rates despite higher 
product uncertainty. 
 
 
1. Introduction  
 
The field of e-commerce has experienced 
significant growth in sales over the last decade with the 
fashion segment as one of the main growth drivers [3]. 
For consumers shopping online has many positive 
aspects, such as lower transaction costs [54] and 
increased product selection [22]. On the other hand, 
consumers cannot inspect the product physically before 
the purchase, which has been shown to increase 
uncertainty at the time of purchase [50, 60] and the 
likelihood of product returns  [7].  
Online retailers on the other hand face a major 
challenge. Customers expect free returns or will take 
their business elsewhere. At the same time companies 
are struggling with stubbornly high return rates. 
While return rates in traditional brick-and-mortar 
shops are lower than 10 %, in online stores average 
return rates exceed 30 % [16, 36, 57].  Product returns 
pose a significant threat to firms' business models 
costing businesses a total of USD 100 billion per year 
through operational costs and lost revenue [53, 59]. 
Not only do retailers forgo the profit on the original 
sale, but they also incur operational costs for the 
reverse logistics and might have to sell the returned 
product at a reduced price or even discard it.  
The cost of returns significantly affects profit margins 
for retailers. One computation estimates that return 
rates in excess of 20% can extinguish the entire profit 
margin of an online retailer [61]. 
Apart from the significant cost associated with product 
returns, they also pose a logistical challenge [65] and 
potentially reinforce a behavioral loop, in which 
customers build a return habit [58]. 
Researchers in marketing and information science 
(IS) literature have been interested in identifying 
antecedents to product returns [4, 9, 28]. Five subtopics 
can be identified: psychological processes, return 
policy, (firm-controlled and third party) marketing 
tools, situational factors and individual factors. Past 
research has focused on psychological processes (e.g. 
[4, 43, 55]) and return policy (e.g. [25, 29, 31, 38]).  
Marketing tools, that were examined include website 
design [28, 59], customer reviews [42, 45] and third-
party product assurances [12]. 
Past research revealed that the main cause for 
increased product returns online is consumer's 
uncertainty about horizontal and vertical product 
features [12, 50], as they are unable to inspect the 
product physically before purchasing. The uncertainty 
construct was conceptualized further to account for the 
different types of information need and differentiates 
between seller uncertainty and product uncertainty 
[12]. 
However only limited empirical research exists that 
analyzes the effect of situational and individual factors 
on product uncertainty and product returns.  
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This leads us to the following research questions: 
RQ1: How do differences in the purchase situation 
(1. Purchase channel choice, 2. Time pressure) affect 
product uncertainty and product returns? 
RQ2: Does brand experience mitigate negative 
effects of the purchase situation on uncertainty and 
product returns? 
 
With our study we aim to answer researchers calls 
to identifying "aspects of the online retail transaction 
[that] make [..] a purchase more return-prone" [23, p. 
295]. Furthermore, a large share of research on product 
returns in the past has been theory-driven or conducted 
in laboratory-settings. Pavlou et al. [50] suggest that 
research on product returns should use subjects, that 
actually buy the focal product. We address this lack of 
empirical validation using a large-scale data set 
(873,411 purchased items) from a European online-
only fashion retailer, with detailed information on 
consumers transactions, individual characteristics and 
product return reasons. 
Product return reasons can help firms understand 
consumers pain points across the customer journey and 
help lower return rates by addressing the issues that 
lead to product uncertainty. A wide variety of reasons 
have been identified, why consumers return products, 
including product failure, damaged product, wrong 
delivery, incomplete shipments, lower than expected 
product quality, not being satisfied, and consumer 
fraud [38]. Nevertheless more than 80 % of product 
returns being false failure product returns, where the 
product has no functional or cosmetic defect [37]. In 
this case consumers realize a lack of product fit only 
upon post-purchase inspection, which serves a similar 
role as pre-purchase information [1, 59]. Nudging is 
one option to induce favorable behavior, but requires 
better understanding, which factors influence product 
uncertainty. 
We build on the consumer decision making model 
by Engel, Blackwell and Miniard [5] and the seminal 
work of Petersen and Kumar [53] to derive our 
research framework and apply expectation-
disconfirmation theory [48, 49] to develop our 
hypotheses. Our research contributes to the marketing 
literature by investigating the influence of unexplored 
situational and individual factors on product return 
behavior. Additionally, we contribute to IS literature 
by analyzing how these factors influence product fit 
and product quality uncertainty. 
 
2. Conceptual Framework  
 
2.1. Literature Review 
 
One of the earliest conceptualizations of product 
returns in marketing literature was in the consumer 
behavior models Engel, Kollat and Blackwell [14], 
where it is conceptualized as a post-purchase decision 
process. Compared to the pre-purchase phase, theory 
development and concept building has historically 
lagged behind for the post-purchase stage [19, 53]. 
In e-commerce product returns are substantially 
more common than in stationary retail as consumers do 
not have the opportunity to experience the product 
physically before making their purchase decision [11] 
and the majority of product returns online has been 
found to be related to negative post-purchase product 
evaluations [45].  
Minimizing return rates is in the best interest of 
online retailers and has been a key topic in research on 
return behavior. Since various researchers have shown 
that restrictive return policies are detrimental to sales, 
profits and customer lifetime value (CLV) [52, 53], the 
majority of retailers opt for lenient return policies [31]. 
Researchers have therefore called for a better 
understanding of the antecedents of product return 
behavior, focusing on individual differences [4, 9, 53] 
and add empirical validation to the existing theoretical 
concepts[60]. 
In recent years product returns have also found 
growing attention in IS literature, where products 
returns are conceptualized as an information problem, 
which helps to explain why return rates are 
significantly higher online than offline. In online 
markets return rates depend on the amount of 
information available to the consumer at the time of 
purchase and the remaining uncertainty about the 
product at the time of purchase [12, 28]. Because 
online shoppers cannot assess all properties of the 
purchased product they face higher uncertainty about 
the products performance and quality [13, 62]. Past 
research has focused on identifying which role 
information plays in lowering perceived uncertainty at 
the time of purchase and the effect on product return 
rates. Type and source of information play a significant 
role in determining return rates, with visual 
information, such as pictures and videos, and third-
party provided information being able to significantly 
reduce return rates [9, 45]. The amount of information 
also affects return rates, but the direction of the effect 
depends on the information needs of the consumer [21, 
59].  
Consumer uncertainty in online marketplaces can 
be distinguished between seller uncertainty and 
product uncertainty [12, 20]. While seller uncertainty 
has already received significant attention in the past 
(e.g. [12, 20, 51]) this study will focus on product 
uncertainty, which has been shown to have a greater 
effect than seller uncertainty in online settings [12]. 
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Product uncertainty can further be distinguished 
between product fit uncertainty and product quality 
uncertainty [28]. Product quality uncertainty refers to 
the inability of consumers to predict the future 
performance of the product, while product fit 
uncertainty describes the consumers’ difficulty to 
assess the fit between the product’s attributes and their 
personal preferences. For products such as apparel the 
purchase decision depends strongly on the fit between 
product attributes and personal preferences [25], but fit 
is only fully revealed at the time of post-purchase 
inspection, as it includes experiential product attributes 
[10, 28]. Several antecedents of product uncertainty in 
online marketplaces have been examined by IS 
researchers. Third-party evaluations, multimedia visual 
product representation and word-of-mouth platforms 
have been found to significantly reduce product 
uncertainty [12, 28]. 
Researchers have called for further investigation 
into the effect of internet enabled systems on product 
uncertainty [28, 56]. 
 
 
Figure 1. Research model 
 
Figure 1 shows the underlying research model. 
According to Engel, Blackwell and Miniard [5] and 
Kumar and Petersen [53] the purchase situation is the 
key antecedent that determines post-purchase behavior 
and return decisions, while individual differences, such 
as past purchase behavior and customer characteristics 
moderate the relationship. The situational factors 
examined in this research are purchase channel choice 
and time pressure. Time pressure has been shown to 
significantly influence decision making behavior as it 
affects decision heuristics and perceived quality of the 
decision [44]. Channel choice (here: mobile vs. 
desktop) is known to influence purchase behavior as 
well as return rates [41]. As a moderator we investigate 
the influence of brand experience. Product familiarity 
has been shown to reduce product fit uncertainty [28], 
but the interaction effects of prior consumer knowledge 
with situational purchase characteristics is not yet 
known. 
 
2.2. Theory and Hypothesis Development 
 
2.2.1. Expectation-disconfirmation theory. To 
establish the theoretical link between purchase 
situation, uncertainty and product returns we apply 
expectation-disconfirmation (ED) theory [48, 49] , 
which has been heavily utilized in the fields of 
marketing and information sciences.  
Several studies have identified customer 
dissatisfaction with the product as the key antecedent 
for product returns [32, 38]. Dissatisfaction can (but 
does not have to) lead to a complaint reaction, such as 
negative word-of-mouth, redress seeking or product 
returns [32]. In most of the situations dissatisfaction is 
triggered by a mismatch between the product features 
and consumer's individual needs [7]. 
According to the ED model, consumers form an 
expectation towards the product's performance and 
quality at the time of purchase and subsequently 
perform a post-purchase evaluation, where they 
compare these expectations with the perceived product 
quality. When actual performance is lower than 
expectations consumer's expectations are disconfirmed. 
Consumer's satisfaction with a purchase is a function 
of both disconfirmation of expectations and actual 
performance [48, 49].  Interestingly it has been found 
that disconfirmation dominates expectations as a 
predictor for customer dissatisfaction [35]. Consumer 
are only willing to accept a disparity between 
expectations and actual performance up to a certain 
point [2]. 
Uncertainty at the time of purchase increases the 
probability of expectation disconfirmation and 
therefore the likelihood of product returns [35]. 
 
2.2.2. Hypotheses generation.  
Past research has found that consumers who use 
mobile devices are exposed to a different information 
format and provide customers with less flexibility and 
smaller screen sizes. [47]. As a result, consumers are 
exposed to higher search cost to retrieve relevant 
information on mobile devices [21] and are therefore 
expected to collect less information before making 
their purchase decision [23]. 
Fit uncertainty is a direct outcome of consumers 
inability to assess their own preferences and the 
inability to assess the true nature of the product 
features[28]. In the case of mobile channel use we 
argue that consumers inclination to gather less 
information will expose them to higher fit uncertainty. 
At the same time we expect consumers with less 
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information to form lower expectations [60]. The 
increase in fit uncertainty at the time of purchase 
increases the probability of expectation-
disconfirmation at the time of post-purchase inspection 
and leads us to our hypothesis: 
 
H1a: Mobile channel use has a positive 
relationship to fit related product returns. 
 
Product quality uncertainty arises when product 
quality cannot be sufficiently assessed by the customer 
[50]. While website technologies (e.g. pictures, zoom, 
color swatch) have been found to reduce product fit 
uncertainty [9, 28], insights on the effect on product 
quality uncertainty remain sparse. Past research 
suggests that product quality is difficult to observe [33] 
and consumers rely on signals, such as price or brand 
reputation for their judgement and expectation 
formation [33]. For this reason we assume, that product 
quality uncertainty is not affected by channel choice. 
Since expectations are lower in the mobile channel 
with consumers gathering less information, we 
hypothesize: 
 
H1b: Mobile channel has a negative relationship to 
quality related product returns.  
 
Time pressure affects decision making not only in 
the amount of information collected, but also leads 
consumers to concentrate more on negative 
information [27] and can shift the salient attributes on 
which consumers base their decision [34]. 
Furthermore, consumers shift to a non-systematic 
information processing mode under time pressure to 
abbreviate the information processing and decision 
making stage [44]. Overall customers collect less 
(useful) information and base their purchase decision 
on non-optimal heuristics, such as the satisfycing 
heuristic [34]. Therefore, we argue that, under time 
pressure consumers will stand a higher risk to 
experience product fit and product quality uncertainty 
at the time of purchase.  
At the same time, time pressure also has a strong 
influence on expectations. Under time pressure 
decision-makers consider their decision to be of less 
quality [44]. As a result, we expect consumers 
expectations to be significantly lower under time 
pressure.  
At the time of post-purchase evaluation, we expect 
lowered expectations to result in less disconfirming 
experiences, that would lead to a decision reversal, in 
spite of the increased product uncertainty they are 
exposed to.  
 
H2a: Consumers who purchase under time pressure 
return fewer items due to product fit reasons. 
H2b: Consumers who purchase under time pressure 
return fewer items due to product fit reasons. 
 
Brand experience could mitigate the effect purchase 
channel and time pressure have on product uncertainty 
and return decisions. Customers that have repeatedly 
purchased a given product from the same brand have a 
higher brand loyalty [30], are more satisfied with the 
product consumption experience and will increase their 
share-of-wallet for this brand [8]. We therefore 
conclude that consumers with brand experience are 
more aware of their preferences and the product 
attributes than consumers without brand experience. In 
this case consumers with brand experience would be 
exposed to less product fit uncertainty. Therefore, we 
hypothesize: 
 
H3a: Brand experience is negatively related to 
returns due to product fit reasons.  
 
We are also interested in the interaction effects of 
brand experience with the situation factors purchase 
channel and time pressure. In the case of channel use, 
we expect mobile channel shoppers to benefit more 
significantly from brand experience than non-mobile 
customers. Mobile channel is expected to increase 
product fit uncertainty as customers collect less 
relevant information [21]. With prior brand experience 
we argue that customers will require less product 
information in the first place. Collecting less 
information would then have a less detrimental effect 
on product uncertainty. Therefore, products returns due 
to unsatisfactory fit will also be less likely, leading us 
to following hypothesis: 
 
H3b: The negative effect of brand experience on 
product fit related returns is stronger for consumers in 
the mobile channel. 
 
With a similar logic we argue that brand experience 
also interacts with time pressure. Under time pressure 
consumers have difficulty to collect and process 
product information sufficiently well. With brand 
experience their information need to reduce product fit 
uncertainty would be significantly reduced so that we 
hypothesize: 
 
H3c: Brand experience reduces product fit related 
returns more significantly when consumers are 
purchasing under time pressure.  
  
3. Data & Methodology 
 
Page 6421
  
Our key goal is to answer the research questions 
empirically for consumers in a real-life shopping 
situation. The data consists of panel data for customers 
of a large online-only fashion retailer from Europe 
with a sales volume of over EUR 1 billion per year. 
The data set includes all transactions between 
January, 1st, 2017 and December 31st, 2017 for a 
random sample of 100,000 customers, who purchased 
~873,411 items and returned ~528,151 items in 39 
different product categories (e.g. jeans, sneaker) and 
more than 500 brands along two different sales 
channels (desktop, mobile).  
The purchase channel was defined as a binary 
variable, where we distinguish between mobile and 
desktop devices. While the decision-making process 
can consist of multiple website visits through both 
mobile and desktop devices, the information about the 
device is collected at the time of purchase. 
Accessibility of information has a strong influence on 
decision reversal [4]. Being the information format 
viewed by consumers at the time of making their 
purchase decision, we assume it is the most influential.  
Time pressure is operationalized by identifying all 
purchases, in which customers had selected the paid 
option for an expedited delivery.  
While faster delivery is an appreciated element of the 
purchase experience [64], customers are reluctant to 
pay for shipping [56]. In order to exclude customers, 
who opt for express delivery without actual time 
pressure, we have excluded all purchases, where 
customers opted for express delivery in their previous 
purchase as well. 
Brand experience has been widely studied in 
business research. For operationalization we use 
customers’ prior purchase data (365 days prior to 
purchase) to identify if they have recent experience 
with the purchased brand in the category of purchase. 
Return reasons are provided by consumers in the 
event of a product return on a voluntary basis. The 
return reason expresses the primary reason of 
dissatisfaction that triggered the purchase decision 
reversal [18]. For operationalization we utilize the 
categories proposed by leading papers on uncertainty 
as an antecedent of product returns, which distinguish 
between product fit uncertainty and product quality 
uncertainty [12]. Instead of measuring uncertainty on 
(survey-based) primary data, this study uses the stated 
return reason and measures the dominating source of 
uncertainty.  
The return reason is inquired by the retailer for 
each returned item, where consumers can select out of 
9 different options provided by the retailer. The return 
reason can be classified into product fit related returns, 
product quality related returns and other (mostly 
service-related returns). It should be noted that ~30 % 
do not state any return reasons. An independent t-test 
was performed for all explanatory variables and 
confirmed that no significant difference existed 
between respondents and non-respondents. We assume 
there is no significant response bias due to social 
desirability. Consumers are generally aware of return 
policy leniency [31] and understand that their product 
return is accepted independent of the reason stated. 
Individual differences have a strong influence on 
purchasing behavior and the post-purchase experience 
[15, 39]. We therefore control for customer 
characteristics, such as age and gender. Additionally, 
we control for basket size and order count. Order count 
measures the number of orders the customer has placed 
with the retailer before the purchase. Over time 
consumers get more comfortable and experienced 
ordering from a certain retailer online [53], leading to 
higher sales, higher repurchase intentions and less time 
spent per order [6]. In fact, Shah et al. [58] found that 
several aspects of purchasing behavior, including 
return behavior changes over time.  
 
4. Results 
 
Table 1 shows the regression results including 
interaction effects between the two explanatory 
variables (Purchase channel and time pressure) with 
the moderator brand experience. We report the 
regression coefficients bij, the corresponding standard 
deviation σij and the significance for each coefficient. 
The parameters reported in a multinomial logistic 
regression compare the change in probability of pairs 
of outcome categories, when the independent variable 
is manipulated. Results are reported separately for the 
outcome categories Product fit, Product quality and 
Other, while No return serves as the baseline category. 
As hypothesized in H1a product returns due to 
product fit are positively correlated with purchasing in 
the mobile channel. H1b is also supported by the data. 
Returns due to quality unfit are significantly lower in 
the mobile channel. Purchasing under time pressure 
has a substantial and significant effect on product 
returns due to product fit and product quality. As 
hypothesized in H2a and H2b, return rates go down 
significantly under time pressure for both product fit 
dissatisfaction and product quality dissatisfaction.  
As a direct effect brand experience is negatively 
related to returns due to product fit and product quality 
(p<0.001) and shows relatively large effects sizes 
(OR1=0.824 and 0.838), while no significant effect is 
                                                 
1 Odd's ratio (OR) is measure for the effect size. It describes the 
increase in probability for an outcome Yi, when the explanatory 
variable is increased by one unit. An overview of all Odd's ratios for 
both regression models is given in Table 2.  
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observed for other return reasons. As discussed in the 
conceptual framework we are more interested in the 
interaction effect between brand experience and the 
situational variables. We hypothesized that brand 
experience would have a negative moderating effect 
for all purchase situations (H3b-c). This hypothesis 
was not supported by the logistic regression. Hence 
only H3a and H3c can be confirmed.  
The control variables selected for the model all 
show significant effects. Table 2 gives a full overview 
of the odd's ratios for both models.  
 
 
Table 1. Regression coefficients for MLR with 
interaction effects 
Variable
Product 
fit
Product 
quality Other
Intercept -0.160*** 
(0.006)
-3.62*** 
(0.022)
-4.084*** 
(0.030)
Explanatory variables
Purchase channel 0.0059 
(0.005)
-0.068*** 
(0.020)
-0.016 
(0.026)
Time pressure -0.289*** 
(0.020)
-0.185* 
(0.078)
0.005 
(0.095)
Interaction effects
Brand experience -0.194*** 
(0.008)
-0.176*** 
(0.032)
-0.070. 
(0.042)
Purchase channel 
    x Brand experience
0.060*** 
(0.012)
0.056 
(0.000)
0.123* 
(0.060)
Time pressure 
    x Brand experience
-0.121** 
(0.043)
-0.049 
(0.170)
-0.153 
(0.215)
Control variables
Order count 0.004*** 
(0.000)
0.004*** 
(0.000)
0.003*** 
(0.000)
Age -0.169*** 
(0.005)
-0.320*** 
(0.018)
-0.332*** 
(0.024)
Gender -0.340*** 
(0.006)
-0.423*** 
(0.024)
-0.346*** 
(0.031)
Discount rate 0.003*** 
(0.000)
0.006*** 
(0.000)
0.005*** 
(0.001)
Basket size 0.002*** 
(0.000)
0.002*** 
(0.000)
0.002*** 
(0.000)
McFadden R
2
: 0.04
Likelihood ratio test: 
. = p < 0.10, * = p < 0.05, ** = p < 0.01, *** = p < 0.001. 
Notes: Huber-White robust standard errors in parentheses. Discount 
rate, order count and basket size are the only continuous variables. 
χ²= 56137 (p < 10^9)
 
 
4. Discussion 
 
4.1. Key findings 
 
Product returns in online markets has been a widely 
studied topic in recent years and antecedents have been 
covered. Nevertheless, situational factors and 
individual differences have been suspiciously absent. 
This could be due to limited ability for firms to 
influence them. Our study has taken a step towards 
addressing this shortcoming in the literature by 
analyzing the effect of purchase channel choice, time 
pressure and brand experience on product return 
behavior. 
Our first hypothesis proposed that customers who 
purchase items in the mobile channel are more likely to 
return products due to fit related reasons, but less likely 
to return items due to quality related reasons. Our 
results offer support for this hypothesis. Due to higher 
search cost in the mobile channel [21] we suggested 
consumers collect less information and are exposed to 
a higher product fit, but product quality uncertainty 
remains the same. This is because product information 
in fashion retail is almost exclusively designed to 
reduce fit uncertainty, such as pictures, sizing advice 
and similar style suggestions. The negative relationship 
between mobile channel use and quality related returns 
is explained with the reduced expectations consumers 
form, as they collected less information during the time 
of purchase.  
Secondly, we hypothesized that time pressure is 
associated with lower product returns related to fit or 
quality reasons. This hypothesis was also supported by 
our results. The large effect size for both fit and quality 
related returns (-27% and -18%), suggests that lower 
expectations, which are common after decision under 
time pressure [44], could be a powerful driver to 
reduce product returns.  
Our third hypothesis suggested that brand 
experience had a direct negative effect on fit-related 
product returns, which was also supported by our 
results. With prior brand experience consumers face 
less uncertainty at the time of purchase, as they were 
able to experience the product holistically in various 
dimensions and have lower information needs as a 
result.  
Furthermore, we proposed the existence of a 
moderation effect of brand experience on the 
relationship between situational factors and fit-related 
product returns. We argued that brand experience 
would ameliorate fit uncertainty in the mobile channel 
and under time pressure. In both situations consumers 
are typically basing their decision on less information. 
Nevertheless, we found that in the mobile channel 
brand experience further increases fit related return 
rates. Hypothesis H3b therefore must be rejected. 
Under time pressure brand experience had the expected 
effect to further decrease product return rates. H3c was 
supported by our results.  
Furthermore, we proposed the existence of a 
moderation effect of brand experience on the 
relationship between situational factors and fit-related 
product returns. We argued that brand experience 
would ameliorate fit uncertainty in the mobile channel 
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and under time pressure. In both situations consumers 
are typically basing their decision on less information. 
Nevertheless, we found that in the mobile channel 
brand experience further increases fit related return 
rates. Hypothesis H3b therefore must be rejected. 
Under time pressure brand experience had the expected 
effect to further decrease product return rates. H3c was 
supported by our results.  
 
Table 2. Odd's ratios for MLR models 
Variable
Product 
fit
Product 
quality Other
Model 1 (Direct effects):
Intercept 0.848 0.027 0.017
Explanatory variables
Purchase channel 1.018 0.945 0.962
Time pressure 0.730 0.821 0.973
Control variables
Brand experience 0.847 0.861 0.876
Order count 1.004 1.004 1.003
Age 0.845 0.727 0.716
Gender 0.712 0.655 0.707
Discount rate 1.003 1.006 1.005
Basket size 1.002 1.002 1.002
Model 2 (Interaction effects):
Intercept 0.852 0.027 0.017
Explanatory variables
Purchase channel 1.006 0.935 0.984
Time pressure 0.749 0.831 1.005
Interaction effects
Brand experience 0.824 0.838 0.932
Purchase channel 
    x Brand experience
1.062 1.058 0.884
Time pressure 
    x Brand experience
0.886 0.952 0.858
Control variables
Order count 1.004 1.004 1.003
Age 0.844 0.726 0.725
Gender 0.712 0.655 0.707
Discount rate 1.003 1.006 1.005
Basket size 1.002 1.002 1.002  
 
4.2. Contributions to Research 
 
Our study is positioned at the intersection of 
marketing and IS literatures. By analyzing a large 
dataset of real consumer purchase and return 
transactions we provide empirical validation for the 
research questions posed. We contribute to existing 
literature in three ways. 
First, we extend the existing literature on the 
consumer decision making process to include returns 
as an elementary part. Past research has focused on 
consumer behavior in the pre-purchase stage. 
Individual differences and situational variables were 
also mostly analyzed to understand their effect on 
search and purchasing behavior. We provide empirical 
validation that the conceptual relationships proposed 
by Engel, Blackwell, Miniard [5] for post-purchase 
behavior also apply to product returns.  
Secondly, we applied the constructs for fit 
uncertainty and quality uncertainty in combination 
with the expectation disconfirmation theory. We are 
able to explain how product returns in real purchase 
situations are driven by consumers expectations and 
uncertainty at the time of purchase. Furthermore, we 
showed that situational and individual characteristics 
significantly influence fit uncertainty at the time of 
purchase. With this we extended the existing literature, 
which has extensively studied antecedents of product 
uncertainty, but focused on marketing tools [12, 28]. 
 
4.3. Practical implications  
 
4.3.1. Lessons learned. Consumers with lower product 
uncertainty at the time of purchase will be less prone to 
return purchased merchandise. For marketers trying to 
reduce return rates this research also contains valuable 
insights in this regard: 
1. Consumers who purchase through the mobile 
channel are more likely to return a product due to 
product fit reasons. 
2. Consumers who are under time pressure are less 
likely to return product due to product fit issues. 
3. Brand experience increase return likelihood in 
the mobile channel and under time pressure. 
 
4.3.2. Recommendations. Our results also offer 
practical insights to retailers on how uncertainty 
perception and product return behavior of consumers is 
affected. In the past situational factors and individual 
differences have only found limited attention, also 
because they cannot be manipulated by retailers 
directly and therefore do not constitute a direct lever to 
reduce return rates. Nevertheless, these findings help 
retailers get a better understanding how consumers' 
perceived product uncertainty at the time of purchase is 
influenced. With this knowledge retailers can devise 
strategies to indirectly influence consumer's return 
behavior. Influencing consumer decision making 
indirectly, also called "Digital Nudging" [63] has 
found growing attention in past years and suggests that 
consumers can be guided to make better choices with 
simple changes to the choice framework. In the context 
of product returns we suggest the following action 
steps: 
1. Encourage purchases through the desktop 
channel: This will lead to lower return rates, as 
consumers collect more information online and will 
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therefore experience a lower degree of uncertainty at 
the time of purchase.  
2. Reduce surcharge for express delivery: A lower 
price for express delivery would most likely increase 
the number of purchases made under time pressure. 
This has been shown to significantly reduce product 
return rates due to fit-related reasons.  
3. Encourage mobile shoppers to buy new brands: 
For purchases in the mobile channel brand experience 
leads to higher return rates. To achieve this 
recommender systems could suggest items 
predominantly from other similar brands that the 
customer does not know yet. 
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6. Appendix   
 
6.1. Methodology 
 
Table 3 gives an overview over the descriptive 
statistics obtained for the measures describes above. A 
slight majority of purchases is made via the mobile 
channel (52%) and time pressure is only observed in 
2% of the cases. Since the dependent variable is 
categorical in nature we run a multinomial logistic 
regression analysis in R following a widely used 
approach in consumer behavior research with a discrete 
choice settings (e.g. [40]).  
Consumers have a discrete choice regarding their 
post-purchase decision reversal. They can either return 
the product or keep it [17]. In case consumers decide to 
return the product, they can state the primary reason 
for their return or decide not to disclose this 
information. 
Table 3. Descriptive statistics 
Variable Mean SD Min Max
1. Return reason (β1)
2. Purchase channel 
- [mobile=1] (γ1)
0.48 0.71 0 1
3. Time pressure 
- [yes=1] (γ2)
0.98 0.19 0 1
4. Brand experience 
- [yes=1] (γ3)
0.22 0.59 0 1
5. Order count (γ4) 37.44 56.56 1 974
6. Age [">30" =1] (γ5) 39.80 20.36 14 100
7. Gender - [yes=1] (γ6) 0.20 0.56 0 1
8. Discount rate (γ7) 0.07 0.17 0 1
9. Basket size (γ8) 305.92 260.10 1 5059  
 
In our model we consider the following 4 
alternatives j = {No return, Product fit, Product quality, 
other/no response} that the customer can choose from. 
In unordered choice models, variables can be either 
alternative specific or individual specific [24]. In our 
model all variables are individual specific and not 
influenced by the selected outcome variable. In the 
given case the probability of customer i to select return 
reason Yi  can be expressed as follows: 
 
Yi denotes the discrete value of the dependent 
variable. Table 4 provides the correlations of the input 
variables. Since variables do not have the interval 
format Spearman's correlation coefficient is applied 
[26]. Correlation between variables is modest, with the 
highest absolute correlation existing between purchase 
channel and customer age (|r| < 0.19).  
 
Table 4. Correlation matrix 
Variable 2 3 4 5 6 7 8 9
2. Purchase channel - 
mobile (γ1) 1.00 0.02 0.04 0.03 -0.19 0.01 0.01 -0.03
3. Time pressure 
- yes (γ2) 0.02 1.00 0.01 0.01 -0.01 -0.02 -0.01 0.00
4. Brand experience - 
yes (γ3) 0.04 0.01 1.00 0.17 -0.01 -0.02 0.00 -0.06
5. Order count (γ4) 0.03 0.01 0.17 1.00 0.13 0.13 -0.02 0.03
6. Age (γ5) -0.19 -0.01 -0.01 0.13 1.00 0.02 0.01 -0.04
7. Gender (γ6) 0.01 -0.02 -0.02 0.13 0.02 1.00 -0.03 0.03
8. Discount rate (γ7) 0.01 -0.01 0.00 -0.02 0.01 -0.03 1.00 -0.11
8. Basket size (γ8) -0.03 0.00 -0.06 0.03 -0.04 0.03 -0.11 1.00
1. p < .001 for all values
2. All binary variables were coded as {0,1}-duplets. 
3. The highest correlation between two variables  is .19.  
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